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Abstract

The need for parallel-in-time is being driven by changes in computer architectures, where future
speed-ups will be available through greater concurrency, but not faster clock speeds, which are stagnant.
This leads to a bottleneck for sequential time marching schemes, because they lack parallelism in the time
dimension. Multigrid Reduction in Time (MGRIT) is an iterative procedure that allows for temporal
parallelism by utilizing multigrid reduction techniques and a multilevel hierarchy of coarse time grids.
MGRIT has been shown to be effective for linear problems, with speedups of up to 50 times.

The goal of this work is the efficient solution of nonlinear problems with MGRIT, where efficient
is defined as achieving similar performance when compared to a corresponding linear problem. As our
benchmark, we use the p-Laplacian, where p = 4 corresponds to a well-known nonlinear diffusion equation
and p = 2 corresponds to our benchmark linear diffusion problem. When considering linear problems
and implicit methods, the use of optimal spatial solvers such as spatial multigrid imply that the cost of
one time step evaluation is fixed across temporal levels, which have a large variation in time step sizes.
This is not the case for nonlinear problems, where the work required increases dramatically on coarser
time grids, where relatively large time steps lead to worse conditioned nonlinear solves and increased
nonlinear iteration counts per time step evaluation. This is the key difficulty explored by this paper.
We show that by using a variety of strategies, most importantly, spatial coarsening and an alternate
initial guess to the nonlinear time-step solver, we can reduce the work per time step evaluation over all
temporal levels to a range similar with the corresponding linear problem. This allows for parallel scaling
behavior comparable to the corresponding linear problem.

1 Introduction

Previously, ever increasing clock speeds allowed for the speed-up of sequential time integration simulations
of a fixed size and also for stable runtimes (wall clock times) for simulations that are refined in space (and
usually time). However, clock speeds are now stagnant, leading to the sequential time integration bottleneck.
Future increases in compute power will be available from more concurrency, and hence speedups for time
marching simulations must also come from increased concurrency.

The simplest example of the sequential bottleneck is when the communication cost associated with
adding a processor in space outweighs the added computational power, i.e., the code has exhausted spatial
parallelism. Moreover, refinements in space usually lead to refinements in time. If the runtime required for
each time step is stagnant or increasing, this will only lead to ever longer simulation times. By allowing for
parallelism in time, much greater computational resources can be brought to bear, and overall speedups can
be achieved. To this end, interest in parallel-in-time methods has grown over the last decade. Perhaps the
most well known parallel in time time algorithm, Parareal [23], is equivalent [13] to a two-level multigrid
scheme. We focus on the multigrid reduction in time (MGRIT) method [10]. MGRIT is a true multilevel
algorithm and has optimal parallel communication behavior, as opposed to a two-level scheme where the
size of the coarse-level limits concurrency.

Work on parallel-in-time methods actually goes back at least 50 years [30] and includes a variety of
approaches. Work regarding direct methods includes [29, 32, 25, 6, 14]. There are iterative approaches,
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Figure 1: Time to solve 2D linear diffusion on a (128)2 x 16385 space-time grid using sequential time stepping
and two processor decompositions of MGRIT. [10]

as well, based on multiple shooting, domain decomposition, waveform relaxation, and multigrid including
[21, 15, 24, 1, 16, 17, 34, 5, 35, 33, 19, 18, 23, 7, 28, 9, 36, 10]. For a gentle introduction to this history, please
see the review paper [12]. Our work focuses on multigrid approaches (and MGRIT in particular) because
of multigrid’s optimal algorithmic scaling for both parallel communication and number of operations. We
are additionally attracted to MGRIT because of its non-intrusive nature, where the user wraps an existing
sequential time-stepper according to the interface of our MGRIT implementation.

The goal is to solve a general first order ordinary differential equation (ODE) and corresponding time
discretization:

Uy = f(u,t)a U(O) =1ug, t € [OvT]v (1)
w(t + 6t) = B(ult), ult + 6t)) + g(t + 5t), @)

where ® is a nonlinear operator that encapsulates the chosen time stepping routine and g incorporates all
solution independent terms. The application of @ is either a matrix vector multiplication, e.g. forward Euler,
or a spatial solve, e.g. backward Euler.

Classical time marching schemes are optimal in that they move from time ¢t = 0 to t = T" with the fewest
possible applications of ®. Applying ® iteratively, in comparably expensive, but highly parallel, multigrid
cycles, MGRIT sacrifices efficiency for temporal concurrency. Both methods are optimal, i.e. O(N), but the
constant for MGRIT is higher. This creates a crossover point wherein, the added concurrency accounts for
the extra computational work. Beyond this crossover MGRIT provides speedup over sequential methods.

Application of MGRIT to linear parabolic problems was studied extensively in [10]. Figure 1 shows
a strong scaling study of MGRIT for linear diffusion on the machine Vulcan, an IBM BGQ machine at
Lawrence Livermore National Laboratory. The problem size is (257)% x 16385 and three data sets are
presented, standard sequential time stepping, time-only parallelism run of MGRIT and a space-time parallel
run of MGRIT. The space-time parallel runs used an 8 x 8 processor grid in space, with all additional
processors being added in time. Both MGRIT curves represent the use of temporal and spatial coarsening,
so that the ratio of dt/dx? is fixed on coarse time-grids. The maximum speedup achieved by the blue curve
is approximately 50, and the crossover point where MGRIT provides a speedup is at about 128 processors
in time. Our goal is to make the overall performance (i.e., crossover point and speedup) of MGRIT for
nonlinear problems similar to that for linear problems.

When considering the performance of MGRIT, the application of ® is the dominant process. For a linear
problem with implicit time stepping each application of ® equates to solving one linear system. When an
optimal spatial solver such as classical spatial multigrid [26, 4, 31, 20] is used, the work required for a time
step evaluation is constant across all time levels (and associated time step sizes). However when ® becomes
nonlinear, each application of ® becomes an iterative nonlinear solve, whose conditioning usually depends
on the time step size. To explore the effects of introducing a nonlinearity, we consider the model nonlinear
parabolic problem known as the p-Laplacian,

ug(x, 1) — V- (|Vau(x, t)|P2Vu(x, 1)) = b(x,t), x € Q, t € [0,T] (3)



subject to an initial condition and Neumann boundary conditions

|Vu(x, t)[P~2Vu(x,t) -n = g(x,t), x € 0Q, t € (0,T) (4)
u(x,0) = ug(x),x € Q. (5)

The p-Laplacian for p = 4 is well-known as a means of modeling soil erosion and transport [2] and has also
found uses in image processing (denoising, segmentation and inpainting) and machine learning, see [8] for
an overview and [22] for a gentle introduction. In this paper, our model nonlinear problem corresponds to
p = 4, while the comparable linear problem corresponds to p = 2, which is the standard Laplace operator.

A naive application of MGRIT to (3) shows large increased nonlinear iteration counts (here we use
Newton’s method) per ® evaluation on the coarser temporal grids because of the relatively large time steps
(compared to the finest grid) and the associated poor initial guess to our Newton solver. These increases
counteract the strength of multigrid, where speedup is achieved by using cheap coarse grid problems to
accelerate convergence on the fine grid. Therefore the average number of Newton iterations per time step
on a per level basis is our choice of heuristic. The goal is to minimize the heuristic so that we can achieve
similar efficiencies for our model nonlinear problem and it’s comparable linear problem.

Towards the goal of minimizing the number of Newton iterations per ® evaluation, we pursue a spatial
coarsening strategy of keeping dt/dz? fixed on all time grids. This keeps the conditioning of ® fixed over all
time levels and ultimately requires far fewer Newton iterations per ® evaluation. In addition, the smaller
problem sizes drastically reduce coarse grid compute times. MGRIT semi-coarsens in time and is agnostic
to the spatial discretization, thus the use of the spatial coarsening option requires the user implementation
of spatial restriction and interpolation operators.

However, introducing spatial coarsening can degrade MGRIT convergence and, in some cases, result in
non-convergence. Analysis suggests this occurs because MGRIT with spatial coarsening no longer corre-
sponds to an exact reduction method with a modified coarse-grid operator. Essentially, the spatial prolon-
gation and restriction operators have a null space which is invisible to the coarse grid correction. Motivated
by the dramatic computational savings, but tempered by the deleterious effects on convergence caused by
spatial coarsening, we choose to do a delayed spatial coarsening strategy, determined experimentally, that
begins spatial coarsening on the second coarse-grid.

To further reduce the average number of Newton iterations per ® evaluation, we also investigate an
improved initial guess. Classically the best initial guess for the Newton solver is the previous time step.
However for large time steps, this initial guess is poor, resulting in large increases in Newton iterations per ®
evaluation when moving to coarse time grids. The iterative nature of MGRIT gives us another option. We
instead use the approximate solution at the corresponding time point from the previous MGRIT iteration
as the initial guess and this reduces the average number of Newton iterations, per ® evaluation, to below
that of an equivalent sequential time integration.

Two more important strategies include a progressive loosening of the Newton solve tolerance on coarser
levels and avoiding unnecessary work on the first MGRIT cycle. During the first cycle while traversing down
the temporal grids, there is no useful information at later time steps, except the initial guess, which makes
the relaxation process ineffective, expensive and not useful. We therefore skip it. The last two strategies
employed are optimizing the number of levels in the hierarchy and a further loosening of the Newton solver
tolerance during the first three MGRIT iterations on all levels, while the approximate solution is still poor.

The most important strategies are spatial coarsening and the improved initial guess, while the other
strategies combined make a similarly big impact on runtime

In Section 2, we discuss the general MGRIT framework. In Section 3, some implementation details are
given such as our choice of Newton’s method as our nonlinear time-stepper. In Section 4, our heuristic,
the average number of Newton iterations per time step, is proposed and justified. In Section 5, we use our
heuristic to investigate our strategies for making MGRIT more efficient. In sections 6.1 and 6.2, we present
multigrid and strong scaling results. The multigrid scaling study shows optimal MGRIT iterations for a
domain refinement study, bounded independently of problem size. The strong scaling results show scaling
behavior similar to that of the comparable linear problem.
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Figure 2: Fine- and coarse-grid temporal meshes. Fine-grid points are present on only the fine-grid, whereas
coarse-grid points are on both the fine- and coarse-grid.

2 MGRIT overview

We now give a brief overview of the MGRIT algorithm. Define a uniform temporal grid with time step 0t
and nodes tj, j =0,...,N; (non-uniform grids are also supported). Further define a coarse temporal grid
with time step AT = mdt and nodes T; = jAT, j =0,1,...,N;/m for some coarsening factor m. This is
depicted in Figure 2. In block triangular form, the time-stepping problem (2) is

I Ug 2o
—(I)O I u; gl

Afw) = L e i (6)
—Py,1 T uy, gN,

Classical time marching is a forward block solve of this system. MGRIT solves this system iteratively,
in parallel, using a coarse-grid correction scheme based on multigrid reduction. Both are O(N) methods
but MGRIT is highly concurrent. Multigrid reduction strategies are essentially approximate cyclic reduction
methods and as such, successively eliminate unknowns in the system. If the fine points are eliminated, we
obtain the system

I ua o
R a1

Aa(ua) = . : = Rg=ga. (7)
—-om T ua, N,

By definition defining “ideal” restriction R and interpolation P, we can alternately obtain this system in a
multigrid fashion. Let,

om-t .. P T

I eT ... em-LT r

I ot ... om-uLT

The interpolation injects at coarse points and harmonically extends values at coarse points to fine points,
i.e., it is injection from the coarse- to fine-grid followed by F-relaxation (defined below). In a similar fashion,
restriction is F-relaxation followed by injection from the fine to coarse-grid.

With this, the “ideal” coarse-grid operator is An = RAP. We refer to this as the ideal because the
solution of (7) yields an exact solution at the coarse points. This coarse grid is essentially a compressed
version of the problem. If this is followed by interpolation, then the exact solution is also available at
fine points. The limitation of this exact reduction method is that the coarse-grid problem is in general as
expensive to solve as the original fine-grid problem (because of the ®™ evaluations). Multigrid reduction
addresses this by approximating Ax with Ba through the use of an approximate coarse-grid time-stepper
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Figure 3: F- and C-relaxation for a coarsening by factor of 4
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One obvious choice for defining ®a is to re-discretize the problem on the coarse grid so that a coarse-grid
time step is roughly as expensive as a fine-grid time step. This is the choice that we make. For instance
with backward Euler, one simply uses a larger time step size. Convergence of MGRIT is governed by the
approximation Ax =~ Ba and this choice of using a re-discretization of ® with AT = mdt has proven effective,
[10], [11]. Last, the definition of this algorithm relies upon ® and ®a, but the internals of these functions
need not be known. This is the non-intrusive aspect of MGRIT. The user defines the time-stepper and can
wrap existing codes to work with the MGRIT framework.

Working in conjunction with the coarse-grid problem, is relaxation. The coarse-grid is used to compute an
error correction based on the residual equation (see Algorithm 1), while relaxation is a local fine-grid process
used to resolve fine-scale behavior. Figure 3 shows the actions of F- and C-relaxation on a temporal grid
with m = 4. F-relaxation propagates the solution from each coarse point to the neighboring F-points to the
right (i.e., forward in time). Overall, relaxation is highly parallel. Each interval of F-points can be updated
independently during F-relaxation and each C-point update during C-relaxation is similarly independent.

2.1 Schur-Complement perspective for linear problems

If we assume for simplicity that & is linear, then we can derive the method as an approximate Schur-
complement approach with relaxation, i.e., a two-level multigrid method. This derivation is meant to give
the reader better intuition into how the method works. Grouping together fine (f) and coarse (¢) points, we

can write the re-ordered system as
App Age | up | _ | 87 |
ACf ACC uc gC

A simple Schur-complement decomposition gives

Iy 0 Agy o Iy AfpApe [ Tup ] _ [ e
AcfAJ;f Ic 0 Acc - AcfA;f Afc 0 Ic Uc 8¢ ’
This decomposition naturally implies operators R and P, known as ideal restriction and interpolation (equiv-
alent to (8)), and S as
- —A7 Ay I
I 1 _ fe — f
R=[ —ApA;l Ic],P[ i },s[o]. (10)

Noting that STAS = A;y and RAP = A.. — AcAff Aje, we have

A7l = P(RAP)" 'R+ S(STAS) ST,



This gives the multiplicative identity,
0=I-A"'A=(I—-P(RAP)"'RA)(I — S(STAS)~15T A), (11)

The first term corresponds to the error propagator of coarse grid correction using the ideal Petrov-Galerkin
coarse grid operator, RAP, and the second, the error propagator for F-relaxation.

To produce an iterative multigrid method, multigrid reduction methods commonly use approximations
to the “ideal” coarse-grid operator (here, substitute Ba for Aa) along with ideal interpolation. With this,
the two grid error propagator is defined as

(I — PBX'RA)(I — S(STAS)™*STA) = P(I — BX'Aa)Ry, (12)

where R; = [0,1.]7 is the injection operator. It was shown in [10] that, for an optimal scaling algorithm,
F-relaxation must be replaced by FCF-relaxation. The corresponding error propagator for FCF-relaxation
is P(I — Aa)R;. With this, the final two grid error propagation operator is

(I — PBX'RA)(P(I — Aa)R;) = P(I — BX'AA)(I — AA)Ry. (13)

2.2 MGRIT algorithm for nonlinear problems

Putting the above components together, we describe the MGRIT algorithm for nonlinear problems. This is a
straight-forward extension of the linear algorithm [10] using the FAS (nonlinear multigrid) scheme [3]. This
is a reasonable approach to extending the algorithm to nonlinear problems. In particular, the F-relaxation,
two-grid variant is equivalent [13] to the popular Parareal algorithm, which has been shown effective for a
variety of nonlinear problems. The FAS description of MGRIT first appeared in [11].

For efficiency, we note that RAP = R;AP, where R; is injection at the coarse points. Thus, we use
injection to map to the coarse level (like Parareal). The exception is the spatial coarsening option where
spatial restriction and interpolation functions, R;() and P,.(), are used to coarsen in space as well as time.
With this, the MGRIT algorithm is presented in Algorithm 1 as a two-level method, but can be used in a
multilevel setting by recursively applying the algorithm at Step 3.

Algorithm 1 MGRIT(A, u, g)

1: Apply F- or FCF-relaxation to A(u) = g.

2: Inject the fine grid approximation and its residual to the coarse grid
UA i < Umiy,  TAG S Gmi — (A(u))mi

3: If Spatial coarsening then
un; < Ra(uai), rai < Ra(ray)

4: Solve BA(VA) = BA(UA) +Tra.

5: Compute the coarse grid error approximation: ea = va — ua

6: If Spatial coarsening then
eni — Pileas),

7: Correct using ideal interpolation: u = u + Pea

The reader will note that with exact arithmetic, MGRIT with FCF-relaxation propagates the initial
condition two full coarse grid time intervals (2At) each cycle. Thus, MGRIT is equivalent to a sequential
direct solve in N;/(2m) iterations. With F-relaxation only, the sequential solution is achieved in N¢/m
iterations. The speedup comes from the fact that the method converges in O(1) iterations.

A variety of cycling strategies are available in multigrid (e.g., V, W, F). We use the standard V-cycle
depicted in Figure 4. This corresponds to Algorithm 1 with the “Solve” step 3 turned into a single recursive
call. The recursion ends when a trivially sized grid of say 5 time points is reached, at which point a sequential
solver is used. On the left, we see the option of coarsening in space and time such that the temporal resolution
8t and the spatial resolution dz are fixed according to the “parabolic” ratio of §t/dx? fixed. On the right,
we see a time-only coarsening V-cycle.

Our chosen implementation of MGRIT is XBraid [37], an open source package developed at LLNL.
XBraid conforms to MGRIT’s non-intrusive philosophy and requires the user to wrap an existing time-
stepping routine, as well as define a few other basic operations like a state-vector norm and inner-product.
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Figure 4: Example multigrid V-cycle with space-time coarsening that maintains §t/x? fixed on the left, and
then time-only coarsening on the right.

The key computational kernel is the time-stepping (or ® routine), but all the specifics are opaque to XBraid
and done in user code. This allows the user to add temporal parallelism to existing time stepping codes with
minimal modifications. For more details, see [10] and [37].

3 Model problem implementation
We discretize (3) with a finite element space V, yielding the weak form
(ue, v) + (|VulP=*Vu, Vo) = (b,v) + (g,v)00, Yv € V. (14)

Discretizing using a backward Euler method and the temporal mesh in Figure 2, we have

<M’”> + (V1 [P Vg1, Vo) = (brga,v) + (g1, v)on, Yo €V, k=0,1,...,N,— 1. (15)

ot
Defining R
O(u)(v) = (u,v) + 6t{|VulP">Vu, Vo), (16)
Jr(v) = (up — bry16t,v) — 0t{grs1,v)00, (17)
we have A
(I)(Uk+1)(7)):fk(v), VUEV; k:071727"'>Nt71' (18)

Each time step corresponds to the solution of this nonlinear system.
All tests were completed with 7' = 4s and Q = [0,2]? for a regular grid. The forcing function, b(x, 1),
was chosen such that the exact solution of the problem is

u(z,y) = sin(kx) sin(ky) sin(7t),

where k = 7 and 7 = (2 + 1/6)m. Unless otherwise stated, we use the p-Laplacian with p = 4. The spatial
discretization is computed with standard linear quadrilateral elements with MFEM [27], a parallel finite
element code.

We use Newton’s method to solve for each individual time step (18), i.e.,

W = () (0) ) ) — F0)] "
=l — sul. 20)

where we dropped the temporal subscript for clarity and

: B(u— aw)(v) = d(u)(v)

&' (u)(v)[w] = lim " ; (21)
= (w,v) + 6t([|VulP 7 + (p — 2)(Vu)(Vu)"] Vo, Vo). (22)

is the Fréchet derivative.



ot ox ag Max Min ot ox ag Max Min

1/1024 1/64 3.5 4 2 1/1024 1/64 3.5 4 2
1/256 1/64 4.1 5 2 1/256 1/64 4.1 5 2
1/64 1/32 7.1 11 3 1/64 1/64 9.5 14 3
1/16 1/16 8.6 16 4 1/16 1/64 12.3 21 4
1/4 1/4 11.0 16 5 1/4 1/64 13.7 19 8
1 1 9.5 12 5 1 1/64 13.8 18 7

(a) Spatial coarsening (as used here) (b) No spatial Coarsening

Table 1: Baseline iteration counts for Newton solver using the sequential method.

4 Heuristic for efficient MGRIT

4.1 Numerical parameters

The numerical testing parameters (unless otherwise mentioned) are as follows. The Newton tolerance is
fixed at 10~7. The optimal spatial solver for each Newton iteration is BoomerAMG [20] and uses the fol-
lowing parameter setting: HMIS coarsening (coarsen-type 10), one level of aggressive coarsening, symmetric
L1 Gauss-Seidel (relax-type 8), extended classical modified interpolation (interp-type 6), and interpolation
truncation equal to 4 nonzeros per row. The machine used for all numerical tests (including the scaling
studies) is Vulcan, an IBM BG/Q machine at Lawrence Livermore National Laboratory.

Our test problem size (until the scaling studies) is a (64)? x 4096 space-time grid on the domain [0, 2]? x
[0, 4] using 1 processor in space and 64 processors in time. MGRIT is always used with V-cycles and FCF-
relaxation and a fixed stopping criteria of 1079/ (\/5533), so that the same tolerance, relative to resolution,
is used in all cases. This is an overly tight tolerance with respect to discretization error, set in large part
because we want to investigate the algorithm’s asymptotic convergence properties. The coarsening factor is
m=4.

4.2 Sequential time-stepping baseline for efficiency

The establish a baseline for efficiency, we run a few experiments with classical sequential time-stepping, using
the previous time-step value as the initial guess at each subsequent time-step. Table 1 gives the average,
maximum and minimum Newton solver iteration counts over the selected time step sizes. On the left we
mimic the grids used by MGRIT when applying spatial coarsening (note that spatial coarsening is delayed).
On the right we show sequential solver performance for grids associated with no spatial coarsening. We set as
our realistic goal to make the a; from our eventual MGRIT solver match the numbers in Table 1, e.g., if level
3 in an MGRIT hierarchy has 6t = 1/64 and dz = 1/32, we target MGRIT taking on average 7.1 Newton
iterations per time step. The maximum and minimum values are also important because we uniformly
distribute points in time in parallel. Thus, if the maximum is much higher than the average, then this will
represent an inefficiency in MGRIT. Unfortunately, XBraid does not currently support load balancing. Last,
these baseline results make it clear that the number of Newton iterations required for convergence is highly
dependent on the grid, with there being an advantage to coarsening simultaneously in space and time.

4.3 Heuristic for naive MGRIT

We now discuss our heuristic for finding an efficient MGRIT for the model problem. We choose ay, or the
average number of Newton iterations per time step on level £. To understand our heuristic in a broad sense,
let a be the average over all levels. In [10] it was shown that, for a linear problem, the computational model
for MGRIT’s cost, Ciinear, is essentially defined by the number of calls to the linear solve routine in @,

Clinear X Vt(2m/(m - 1) + 1)Nta (23)



Iteration &t =1/1024 1/256 1/64 1/16 1/4 1

0 6.67 6.66 846 14.2 17.1 16.5
1 3.67 428 841 123 16.0 18.0
2 3.47 413 836 128 16.8 19.0
3 3.45 4.06 847 129 163 19.2
4 3.45 4.06 843 128 163 19.2
5 3.45 4.06 844 129 16.3 19.2

Table 2: The average number of Newton iterations per time step (a¢) across each temporal level and MGRIT
iteration

Iteration o0t =1/1024 1/256 1/64 1/16 1/4 1 Total (assuming m = 4)

0 13.3m 13.3 169 284 342 33.0 179.0
1 7.34m 8.56 16.8 246 32.0 36.0 147.3

2 6.90m 824 167 256 33.6 38.0 149.7

Table 3: For processes active on each temporal level, estimated average number of Newton iterations to carry
out FCF-relaxation, based on Table 2

where 14 is the number of MGRIT iterations. In a nonlinear setting (assuming one linear solver per Newton
iteration) this becomes
Cnonlinear X A Clinear- (24)

Minimizing a is key to minimizing the required computational work. However, we will see that all compu-
tational work is not “equal”, with the work on coarse-grids being the chief target for reduction.

To understand why our heuristic choice must be per level (and not just a), we apply MGRIT in a naive
fashion, as one might apply MGRIT initially to an existing sequential implementation of the model problem.
Here, the experiments always use the previous time step as the initial guess to the Newton solver and there
is no spatial coarsening.

Table 2 gives the average number of Newton iterations on each temporal level over the first 6 XBraid
iterations. Each 6t (column) value corresponds to a temporal level, while the rows represent different XBraid
iterations.

It is clear that the work required to complete a Newton solve varies with time step size, but how this
affects MGRIT efliciency requires some more discussion. One might initially guess that the increased Newton
iteration counts on the coarse grids are irrelevant, after all, for this example we took around 900 Newton
iterations on the coarse grid overall, compared to 200000 on the fine grid. However when using a large
numbers of processors, each owning only a few time steps, the cost of the coarse grid solves becomes pivotal.

Consider the case where each MPI process owns m points in time on the finest level, i.e., one CF-interval.
In [10] it was shown that this was an efficient decomposition. On coarser levels, each process will then own
at most one point in time. Table 3 gives, for the processes active on each temporal level, the estimated
average number of Newton iterations to carry out one FCF-relaxation. On the finest grid, these numbers
are 2m times the values in Table 2 because FCF-relaxation (for larger m) involves roughly 2m time step
evaluations. Then on coarser grids, the numbers are simply twice what is in Table 2 because each processor
owns at most one point, and all fine points are relaxed twice.

In this highly parallel setting, it is immediately clear that the large number of Newton iterations on coarse
levels will dominate the cost of a V-cycle. The dominant cost of a V-cycle is relaxation, which is done at each
level, meaning that the final column in Table 3 is a cost estimate for each V-cycle. In contrast for the linear
setting (when using an optimal spatial solver), the work required would be independent of time step size.
For instance, the last row of the table would read similar to 6.88m, 6.88, 6.88, ... for a total of 61.9. When
targeting an MGRIT efficiency similar to a linear problem, this will be a key issue. However, achieving an
ay for a given §t, dx combination that is smaller than the baseline numbers in Table 1 is difficult.



While the metric we show is ay, another parallel performance issue is the variance in the number of
Newton iterations per time step. MGRIT behavior mirrors Table 1, with the max and min being roughly a
factor of 2 or 3 apart on the coarser levels. On these coarser grids where at most one time step is given to
each processor, synchronization effects imply that an F- or C-relaxation cannot complete until the slowest
processor finishes. We choose to show a, for brevity and note that its value also tracks that of the maximum
number of Newton iterations per time step. A decrease in a, generally corresponds to a decrease in the max.
We draw the readers attention to this, because this behavior is problem dependent.

In conclusion, our goal is to minimize the number of Newton iterations per time step on the coarse grids.
Since Newton iterations are the main computational kernel of each ® application, we expect this to provide
needed improvement in MGRIT performance. By itself, this naive application of MGRIT scales very poorly
when compared to the comparable linear problem (see sections 6.1 and 6.2).

5 Efficient MGRIT for the model nonlinear problem

In this section, we investigate a variety approaches designed to make MGRIT efficient for our chosen model
nonlinear parabolic problem (3). The goal is to achieve a similar efficiency as that seen for a corresponding
linear problem. We seek improvements over the naive MGRIT results from Section 4.

5.1 Solver ID table

Given the number of options considered, we now give each solver a numerical id to make the discussion
easier. Table 4 presents each solver considered and it’s runtime for the chosen test problem size. Each solver
option is discussed in more detail in the following subsections. However, we do provide a brief description
here for the reader’s convenience.

Solver id 0 refers to the naive MGRIT approach from Section 4.3. The column heading “Spatial Grids”
refers to the number of spatial grids used and is the option introduced in Section 5.2. A wvalue of 1 for
“Spatial Grids” indicates no spatial coarsening, while 4 means that the finest spatial grid is coarsened 3
times for a total of 4 grids. The finest grid is 64 x 64, so coarsening further in space is not possible. The
difference between solvers 1 and 2 is that solver 1 delays spatial coarsening so that it begins on the third
coarse grid. Solver 2 begins spatial coarsening immediately on the first coarse grid. We note that there are
only 6 grids for 4096 time steps and m = 4. Given the bad effects on convergence visible from “no delay” in
solver 2, unless otherwise mentioned, we always delay spatial coarsening. See Section 5.2 for more details.

Solver id’s 3, 4, 5 and 6 correspond to the improved initial guess introduced in Section 5.3. Here, “PMI”
means that the previous MGRIT iteration is used as the initial guess to each Newton solve. This happens
either at every point, or only at C-points, depending on whether all points or only C-points are stored.

Solver id’s 7 and 8 correspond to turning on the “Skip” option introduced in Section 5.4. There, the
concept of skipping unnecessary work during the first MGRIT down cycle during iteration 0 is introduced.

Solver id’s 9 and 10 correspond to having a “fixed” or “scaled” Newton tolerance on coarse grids, as
introduced in Section 5.5. Essentially, the Newton tolerance is either fixed on all levels, or relaxed on coarse
grids.

Solver id’s 11 and 12 correspond to having “Cheap first three iterations” as introduced in Section 5.6.
Here, we relax further the Newton tolerance during the first three MGRIT iterations.

Solver id’s 13, 14, 15 and 16 reduce the number of levels in the hierarchy by setting larger “Coarsest
grid sizes” as introduced in Section 5.7. For instance with m = 4, using a coarsest grid size of 16 instead
of 4 removes the coarsest level in the hierarchy. This can improve the time-to-solution by avoiding cycling
between very small grids.

5.2 MGRIT with spatial coarsening

We now consider updating the naive solver from Section 4 with the spatial coarsening in Algorithm 1. In
general, the user’s code defines the separate spatial interpolation and restriction functions P, () and R, (). We
choose the natural finite element restriction operator (and its transpose) to move between regularly refined
grids. This operator is provided by MFEM. Interpolation is the scaled (by 1/4) transpose of restriction so
that RP =~ I. The choice of spatial interpolation operators is an area of active research; however, it is not
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Solver  Spatial Newton Cheap first Coarsest Num Runtime

id grids PMI Skip Tol three iters  grid size Runtime iters  per iter
0 1 Never no fixed no 4 1898s 9 211s
1 4 Never no fixed no 4 12155 9 135s
2 4 no delay Never no fixed no 4 2577s 35 74s
3 1 C points  no fixed no 4 1278s 9 1425
4 4 C points  no fixed no 4 953s 9 106s
5 1 Always no fixed no 4 1193s 9 132s
6 4 Always no fixed no 4 864s 9 96s
7 1 Always yes fixed no 4 826s 8 103s
8 4 Always yes fixed no 4 708s 9 79s
9 1 Always yes scaled no 4 746s 8 93s
10 4 Always yes scaled no 4 681s 9 76s
11 1 Always yes scaled yes 4 6365 8 80s
12 4 Always yes scaled yes 4 574s 9 64s
13 1 Always yes scaled yes 16 682s 8 85s
14 4 Always yes scaled yes 16 536s 9 60s
15 1 Always yes scaled yes 64 890s 8 111s
16 4 Always yes scaled yes 64 668s 9 T4s

Table 4: Overall runtimes, iteration counts and average time per iteration for our various solver options,
with a (64)2 x 4096 space-time grid.

surprising that using a scaling so that RP resembles an oblique projection helps MGRIT convergence. We
note that a better choice here could lead to improved results below.

We are interested in spatial coarsening because it will make the Newton iterations both better conditioned
and over a smaller spatial grid (i.e., cheaper). From a high-level, 0t controls the conditioning of a backward
Euler time step,

o2

(I il A(Uk+1)> = flur),

where A is some nonlinear diffusion integrator. As dt/dx? increases the operator moves away from the
identity, becoming more expensive to solve. By coarsening in space as well as time we can control this ratio,
making the nonlinear inversion of ® cheaper on the coarse grid.

One benefit of MGRIT is that it is that if we get the exact solution on the coarse grid, then our interpo-
lation (injection and F-relaxation) yields the exact solution on fine grid. Error introduced by restriction and
interpolation between spatial meshes removes this property. Without this exactness, any error modes in the
null space of the restriction operator, must be damped solely by FCF-relaxation. In many cases this causes
degradation of MGRIT convergence. More precisely, with spatial restriction and prolongation, the two grid
error propagation operator from (13) becomes

P(I — P,BX"R,AA)(I — ARy (25)

Table 5 explores this idea by comparing a, on each temporal level and iteration. The values for a, increase
on temporal level in Table 5, but considerably less than in Table 2. However, these values for a, are still
higher than those for the same 6t and dx in Table 1, thus leaving room for further improvement.

Table 4 verifies our heuristic and shows the effect of spatial coarsening on MGRIT runtimes. Here, we
focus on solver id’s 0, 1 and 2 (see Section 5.1). Solver 1, where spatial coarsening begins on the first coarse
grid, leads to a degradation in MGRIT convergence and is still a subject of active research and likely relates
to the discussion above regarding the scaling of interpolation and the information lost when moving to
coarse levels as described in equation (25). For practical purposes, this solver is unusable as the convergence
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Iteration &t =1/1024 1/256 1/64 1/16 1/4 1

0 6.67 6.72 867 144 155 11.8
1 3.70 431 839 119 136 122
2 3.48 413 836 11.3 133 118
3 3.45 4.06 849 11.1 133 118
4 3.45 4.06 842 11.1 134 118
5 3.45 4.06 844 111 134 11.8

Table 5: The average number of Newton iterations per time step (ag) with spatial coarsening across each
temporal level and MGRIT iteration. Spatial coarsening begins on the fourth time level, ¢ = 0.0625. c.f.
table 2

degradation continues for larger problems. This is unfortunate given that this approach has a much smaller
runtime per iteration. On the other hand, Solver 2, where spatial coarsening is delayed until the third coarse
grid provides no degradation in convergence and an improved time to solution. This is the strategy pursued
in this paper and it has proved to be robust in our tests.

5.3 MGRIT with an improved initial guess for Newton’s method

We now consider updating the solver from the last section with a better initial guess for the Newton solver
based on the previous MGRIT iteration. Classically, the best available initial guess for the Newton solve is
the previous time step. However, after MGRIT has completed one iteration we have two choices, the previous
time step and the solution from the previous MGRIT iteration. As MGRIT converges the solution from the
previous iteration becomes an ever improving initial guess. As an implementation note, after some MGRIT
iterations, the initial guess to Newton can become so good that it satisfies the Newton solver’s tolerance.
However, MGRIT needs relaxation to update the solution, or face stagnation. Therefore, we always force
the Newton solver to iterate at least until the nonlinear residual is reduced.

The main drawback of using the previous MGRIT iteration is that it requires us to store the solution at
all points in time. This is a large memory limitation not present when using the previous time step, where
we store the solution at only the coarse points. One efficiency/memory compromise is to use the previous
MGRIT iteration as the initial guess only at coarse points, and the previous time step at all fine points.

Tables 6a and 6b show our heuristic a, using the PMI as the initial guess for the cases of no spatial
coarsening and with spatial coarsening, respectively. Compared to Table 5, we see large reductions in ag, but
primarily at the finer levels. Compared to Table 2, we see a large reduction in a, across all temporal grids.
Furthermore, we see reductions during the later MGRIT iterations. By iteration three we see a; across all
grids comparable with those from the sequential solver in Table 1, both with and without spatial coarsening.

Table 4 validates the heuristic and shows reduced runtimes for MGRIT using the PMI as the initial guess
for the Newton solver at all points and only at coarse points (C-points). Here, we focus on solver id’s 3, 4,
5 and 6 (see Section 5.1). The improved a, from Table 6 provides for improved runtimes.

In conclusion, these results indicate that using the PMI as the initial guess after the first MGRIT iteration
is very beneficial. During the first MGRIT iteration, no value but the previous time step exists, and thus,
must be used as the initial guess. For users with more memory limitations, using the PMI only at coarse
points is a good option.

5.4 Skipping Unnecessary Work

Even with the improvements so far, a; remains large during the first three MGRIT iterations. Consider
iteration 0 and the down-cycle and up-cycle parts of Figure 4. In our case, where no prior knowledge of
the solution is available, it is clear that relaxation during the down cycle of iteration 0 provides little to no
benefit, because no global information has yet propagated from the initial condition. The coarse-grid solve
and following up-cycle during iteration 0 is the first time that global information is propagated. Therefore,
we consider doing no relaxation or work of any kind during the down-cycle during iteration 0. The solution
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Iteration &t =1/1024 1/256 1/64 1/16 1/4 1

0 8.87 829 845 101 132 14.0
1 4.67 3.89 478 643 788 115
2 3.39 3.10 340 5.68 8.18 11.0
3 2.52 212 289 537 828 115
4 2.02 2.00 286 533 848 11.2
) 2.00 2.00 286 532 830 11.2

(a) Previous MGRIT iteration as initial guess

Iteration &t =1/1024 1/256 1/64 1/16 1/4 1

0 8.87 831 849 142 109 8.00
1 4.75 4.04 492 6.04 6.63 8.00
2 3.47 3.20 347 538 6.60 8.00
3 2.55 211 290 5.36 6.53 8.00
4 2.01 2.00 286 538 6.53 8.00
) 2.00 200 286 536 6.53 8.00

(b) Previous MGRIT iteration at all points with spatial coarsening (4
levels)

Table 6: Comparison of the average number of Newton iterations per time step (a;), across each temporal
level and MGRIT iteration

on the finest-grid is injected to the coarsest-grid and then serially propagated there. Then, the solution is
interpolated back to the finest-grid. This strategy is most similar to full multigrid methods.

Table 7 shows ay for this approach, and the reader will note that these numbers are not reduced compared
to the last solver modification in Table 6, but rather a, has increased substantially during the first iteration.
However, the corresponding solver id’s 7 and 8 in Table 4 show an overall gain in runtime. This is due to the
fact that the time-stepping routine is being called far fewer times during iteration 0. For instance, the “0”
denotes the fact that there is no work done on the first level for iteration 0, by far the most expensive level.
Moreover, the work on the coarse levels during iteration 0 represent only the Newton iterations required
to solve sequentially on the coarsest grid and then interpolate values to finer grids. Remember, there is no
relaxation done during the down-cycle during iteration 0.

5.5 Newton solver accuracy

We now consider updating the solver from the last section by loosening the Newton solver tolerance on coarse
grids. Reduction in the accuracy of the coarse grid solves proved to be an effective way of minimizing overall
runtimes for linear problems [10]. In that case the number of spatial V cycles allowed by the coarse grid
linear solver was capped. Here, we investigate varying the solver tolerance across temporal levels, rather
than capping iteration counts (see Remark 5.1).

One way to reduce work on the coarse grids is to loosen the Newton solver tolerance on a per-level basis,
making coarse grids have a looser value. We scale the Newton solver tolerance on the coarse grid as

tol = min(4 toly,0.001), (26)

where ¢ = 0 is the finest level, and tol; is the desired Newton tolerance on the fine grid, in this case,
toly = 1 x 1077, This choice was based on the fact that m = 4, followed by some experimentation. In
addition to this when spatial coarsening is used, the nonlinear residual on the coarse spatial grids in the
Newton solver is scaled by the relative increase in the grid spacing. This allows the residual norm on a
spatially coarsened grid to be compared in an “apples-to-apples” way to a norm on a finer grid.

Table 8 shows our heuristic. While we see improvement compared to Table 7, the issue still remains
where time steps on coarse levels are more difficult to solve. Further investigation in Table 4 (solver id’s 9

13



Iteration &t =1/1024 1/256 1/64 1/16 1/4 1

0 0 18.8 23.0 26.3 30.2 298
1 2.7 293 340 5.69 8.70 11.0
2 2.51 2.16 3.00 545 830 115
3 2.06 2.01 286 533 845 115
4 2.00 2.00 286 532 837 112
) 2.00 2.00 2.8 5.32 837 11.2
6 2.00 2.00 286 532 837 112
7 2.00 2.00 286 532 837 11.2

(a) Skipping unnecessary work

Iteration 6t =1/1024 1/256 1/64 1/16 1/4 1

0 0 18.8  23.0 221 221 212
1 2.73 3.09 3.7 181 16.7 15.0
2 2.96 299 374 1.01 878 875
3 2.67 241 311 5.60 6.58 7.75
4 2.20 2.04 288 536 6.53 8.00
5 2.01 200 286 536 6.53 8.00
6 2.00 2.00 286 536 6.53 8.00
7 2.00 2.00 286 536 6.53 8.00
8 2.00 2.00 286 536 6.53 8.00

(b) Skipping unnecessary work with spatial coarsening (4 levels)

Table 7: Comparison of the average number of Newton iterations per time step (ag), across each temporal
level and MGRIT iteration, when skipping work during the MGRIT down-cycle during iteration O.

and 10) shows that our heuristic is again accurate. The reduction of a; on the coarse levels does result in a
speedup.

Remark 5.1 An alternative to the variable tolerance, is to simply cap the number of Newton iterations on
the coarse-grids in a manner similar to that pursued for linear problems in [10]. With this strategy, the
number of Newton iterations is allowed to vary on the fine-grid, until the tolerance is met. But on coarse-
grids, the iteration count is capped. However, this is more dangerous in the nonlinear setting because each
Newton iteration is not guaranteed to reduce the residual by a fized amount, as opposed to the linear case in
[10]. Indeed, our experiments have shown that this approach easily leads to degraded MGRIT convergence
and must be tuned to each individual grid size, i.e., our weak scaling studies show an increasing iteration
count for this approach. We therefore do not consider it any further.

5.6 Cheap initial iterates

The initial three iterates are the most expensive, with a, significantly higher on all levels. The solution at
this point is still inaccurate, so another obvious modification is to reduce the Newton tolerance during the
first two iterations. Our simple strategy here is to use 1072 (as opposed to 10~7) for the Newton tolerance
strategy in equation (26) during the first three iterations, followed by a return to (26). Table 9 shows our
heuristic indicating a significant drop in a; during iterations 0, 1 and 2 when compared to the previous solver
modification in Table 8. Table 4 (solver id’s 11 and 12) validates this by showing a decreased runtime and
no degradation in overall MGRIT convergence.

Remark 5.2 One other solver modification related to solver performance that we use is capping the number
of inner linear iterations on coarse grids, similar to [10]. Here, the BoomerAMG solver is used for each
Newton iteration and we cap the number of BoomerAMG iterations at 8. This number can be lowered still
(our experiments went as low as 5 with no noticeable degradation), but to avoid over-tuning the problem, we
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Iteration 6t =1/1024 1/256 1/64 1/16 1/4 1

0 0 18.7 227 25,7 29.6 29.2
1 2.7 271 3.01 447 733 9.75
2 2.51 2.08 256 435 6.98 9.75
3 2.06 2.00 243 422 7.05 10.0
4 2.00 2.00 243 422 7.00 10.0
5 2.00 2.00 243 422 7.00 10.0

(a) Level-based Newton tolerance

Iteration &t =1/1024 1/256 1/64 1/16 1/4 1

0 0 18.7 227 21.8 214 205
1 2.73 288 336 177 16.0 14.0
2 2.96 280 329 9,57 790 7.75
3 2.67 227 268 5.07 5.65 7.00
4 2.20 2.01 244 496 572 7.25
5 2.01 2.00 243 496 5.72 7.25

(b) Level-based Newton tolerance with spatial coarsening (4 levels)

Table 8: Average number of Newton iterations per time step (ay) across each temporal level and MGRIT
iteration.

Iteration &t =1/1024 1/256 1/64 1/16 1/4 1

0 0 176  21.6 249 29.1 285
1 2.00 2.02 2.02 240 5.73 9.50
2 2.01 2.00 2.00 230 5.12 8.25
3 2.11 2.01 245 422 7.05 10.0
4 2.00 2.00 245 422 7.00 10.0
) 2.00 2.00 245 4.22 7.00 10.0

(a) Cheap initial iterates

Iteration &t =1/1024 1/256 1/64 1/16 1/4 1

0 0 176  21.6 20.8 20.8 19.8
1 2.02 2.10 221 16.7 151 14.0
2 2.13 211 213 821 7.00 7.75
3 2.75 229 270 5.07 5.65 7.00
4 2.21 2.01 246 496 5.72 7.25
5 2.01 2.00 245 496 5.72 7.25

(b) Cheap initial iterates with spatial coarsening (4 levels)

Table 9: Average number of Newton iterations per time step (a,) across each temporal level and MGRIT
iteration.
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leave it at 8. When we refer to solvers 11 and 12 (and all higher numbers) we have added this feature. Given
it’s small impact, we did not devote an entire solver id to this change.

5.7 Setting the coarsest grid size

The final algorithmic enhancement considered is the size of the coarsest grid. Given how relatively expensive
the Newton solver is on coarse grids, the question naturally arises, whether truncating the number of levels
in the hierarchy can be beneficial. However, this involves a trade-off. When a level is truncated from
the hierarchy, the expensive Newton solves are no longer done there and the communication involved with
visiting that level is avoided. However, the sequential part of the algorithm increases because the coarsest
grid size has now increased. The best coarsest grid size is therefore naturally problem dependent. So far, we
have used a coarsest grid size of 4. We now consider 16 and 64 as well.

The average number of Newton iterations is very similar to Table 9 except the coarsest level is removed
when using a coarsest grid size of 16, and that the coarsest two levels are removed for a coarsest grid size of
64. The case of 16 (solver id’s 13 and 14 in Table 4) show a significant speedup of 44s when using spatial
coarsening but a slow down of 19s for the case of no spatial coarsening. This is because spatial coarsening
makes the spatial grid on the coarsest grid much smaller, and hence the sequential solve required on the
coarsest level is much cheaper. In other words the penalty for a larger coarsest grid size is much smaller for
the case of spatial coarsening, thus allowing for the benefits to be visible.

For the case of a coarsest grid size of 64 (solver id’s 15 and 16 in Table 4) the extra work from the
larger sequential component of the solve on the coarsest level swamps any benefit and the runtimes increase
substantially in both cases. Given that the solver id 14 is the best overall performing solver, we will choose
a maximum coarse grid size of 16 in our experiments.

5.8 Most effective improvements

While we have outlined many improvements, Table 4 makes it clear that two of the improvements (spatial
coarsening and the improved initial guess) are the most important. This can be seen by comparing solver 0
to solver 1 to see the impact of spatial coarsening, a 36% improvement. Then, when solver 1 and solver 6
are compared to see the impact of the improved initial guess, a further 29% improvement is seen. The other
four strategies in concert combine for another 48% improvement (compare solver 6 with solver 14). During
the subsequent scaling studies we therefore focus on solvers 0, 1, 6 and 14.

6 Scaling Studies

Previous sections have focused on producing the most efficient Newton solver as a proxy for MGRIT efliciency.
We now carry out the parallel scaling studies to validate that heuristic.

6.1 Optimal multigrid scaling

We consider a domain refinement study to test the optimality of MGRIT for this problem, in a manner similar
to how spatial multigrid optimality is tested experimentally. We fix the space-time domain to ([0, 2]? x [0, 4])
and scale up the spatial and temporal resolution, keeping §t/dx? fixed. For runs using spatial coarsening, the
number of levels of spatial coarsening was increased on each subsequent test, resulting in 4 levels of spatial
coarsening on the largest space-time grid of 2562 x 65 536. The solver id’s considered are 0, 1, 6, 14, so that
we can examine (respectively) the effects of spatial coarsening, the improved initial guess for the Newton
solver, followed by the other enhancements.

Results are shown in Table 10. In general optimal iteration counts are observed, bounded independently
of problem size for all the considered solver options. Unfortunately, using this experiment for weak scaling
timings requires more processors than our machine provides (131K processors are available). Consider a
weak scaling experiment where the smallest problem size involves 8 compute nodes, with 16 processors per
node, for a total of 128 processors. We need a base test case that involves some off-node communication,
hence the choice of 8 compute nodes. To maintain a constant problem size per node and a constant dt/dx?,
we must quadruple the number of time points as the spatial problem size is doubled. This corresponds to
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Solver ID / N2 x N; 322 x 256 322 x 1024 642 x4096 1282 x 16384 2562 x 65536

0 4 7 9 10 10
1 6 8 9 11 10
6 6 8 9 11 10
14 6 8 9 11 10

(a) Iterations

Table 10: Weak scaling study

increasing the node count by a factor of 16. Thus to obtain four data points, 128 * 163 = 524 288 processors
would be required.

The iteration counts bounce from 9 to 11 and then back to 10 for the last three problem sizes. This
is primarily because the stopping tolerance is barely met by the 9 iteration case, barely missed after 10
iterations for the 11 iteration case, and then barely met again in the 10 iteration case.

6.2 Strong scaling

Both MGRIT and sequential time stepping are O(N) optimal, but the constant for MGRIT is larger, leading
to a crossover point. To illustrate this, we do a strong scaling study of MGRIT for the space-time grid of
(128)? x 16384. Figures 5a and 5b show the results. The plot for “id=14, linear problem” corresponds to
the comparable linear problem of p = 2 in equation (3). This allows us to compare MGRIT’s scaling for the
nonlinear problem with the scaling for the corresponding linear problem. To generate the date for “id=14,
linear problem”, we simply set p = 2 in the code and make no other optimizations, e.g., the spatial matrix
and solver are still built every ® application as is required in the nonlinear case, so that the comparison is
fair. We note that in [10] the spatial matrix and solver need only be built once for the constant coefficient
heat equation.

The other plots are for the sequential (“Time-stepping”) time-stepping code and solver id’s 0, 1, 6, 12
and 14. This allows for a comparison of naive MGRIT (id=0) with the effects of spatial coarsening (id=1),
the improved initial guess (id=6) and the effects of all the other improvements (ids=12, 14).

We show the results for 16 processors in space and m = 16 on the left in Figure 5, while the right
shows that for 32 processors in space and m = 4. We change the coarsening factor m to indicate that this
parameter can be changed, depending on the number of overall processors available to maximize speedup.
For the m = 16 case, the crossover point at which MGRIT is beneficial well below 1024 processors, or about
50 to 60 processors in time. The maximum speedup attained is a factor of 6.7 at 16384 processors. For
the m = 4 case, the crossover point is at about 2000 processors, or about 500 processors in time. Yet, this
smaller coarsening factor allows you to use more of the machine, and at 130K processors, the speedup is 18.
The data points in each plot end when there are m points in time per processor, i.e., when there is no more
benefit to using more processors in time. This is because FCF-relaxation is sequential over each interval of
m points.

Figure 5 highlights another important aspect of the MGRIT algorithm. Increasing processors in space
allows for greater scaling potential, but, given a fixed number of processors, it is often beneficial to bias the
processor distribution towards temporal processors until m equals the number of time points per processor.
A last important point is that MGRIT converged in 9 iterations for the tests here, but discretization error is
reached after 5 iterations. Thus, timings presented here are largely understated. Halting MGRIT in a more
automatic fashion after discretization error is reached is a topic of further research.

Compared to the superior strong scaling in Figure 1, these results are not as good. Essentially, we desire
our lines to be straighter. However, achieving this is difficult. The dataset for the linear heat equation
(“id=12, linear problem”) is very similar to the experiment in Figure 1, except that (1) linear finite elements
on a regular grid are used in space, as opposed to finite differencing, (2) the BoomerAMG solver in hypre
is used, as opposed to the more efficient geometric-algebraic solver PFMG in hypre and (3) the spatial
discretization and spatial multigrid solver must be built every time step. However, this dataset exhibits the
same strong scaling issues, i.e., it does not look (qualitatively) like the plots in Figure 1. Improving the
scaling of MGRIT here will require addressing these differences, with (2) and (3) the more likely culprits for
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Figure 5: Strong scaling study for a (128)? x 16385 space-time grid, Left: 16 processors in space, m = 16,
Right: 32 processors in space, m = 4.

reduced scalability. We discount the difference (1) because it does not change the sparsity pattern of the
spatial operator, nor does it qualitatively change the convergence rate of the spatial multigrid solver. Thus,
we believe that the most likely culprits for the strong scaling degradation are the parallel finite-element
matrix assembly and the BoomerAMG setup-phase, although we note that BoomerAMG is known to be an
efficient spatial multigrid code. Remedying issues such as these is beyond the scope of this paper.

Last, we compare MGRIT for the nonlinear problem and comparable linear problem. The overall scaling
behavior is similar, with a deterioration for both at larger processor counts. However, MGRIT for the
nonlinear problem does scale somewhat more poorly. This is due in large part to the phenomenon discussed
with Table 3, where the relatively more expensive coarse grids for the nonlinear problem reduce scalability.
To reiterate, the addition of more processors does not change the cost of coarser levels, where there is one time
point per processor. Here, the nonlinear time steps are many times more expensive than the corresponding
linear ones and as illustrated by Table 3 these coarse levels (which cannot be subdivided by more processors
in time) quickly become the dominate cost of a V-cycle. The addition of more processors only reduces the
time taken on the finer (and eventually only the finest) level. The chief strategy under research now is to
improve spatial coarsening so that it can begin on the first coarse grid and significantly reduce this effect.

It is important, however, that even at it’s worst, MGRIT for the nonlinear problem is about 3 times
slower than for the linear problem. This is a good result, considering MGRIT takes at least 2, but often
many more linear solves per time step (depending on level and iteration) as for the linear problem.

7 Conclusions

The MGRIT algorithm effectively adds temporal parallelism to existing sequential solvers and has been
shown to be effective for linear problems. However, when moving to the nonlinear setting, the relatively
large time-step sizes on coarse grids make the application of MGRIT nontrivial. The proposed measures
allow MGRIT to achieve similar performance to a comparable linear problem.

In summary, we found that, after the first iteration, the user should always use the solution from the
previous MGRIT iteration as the initial guess to the nonlinear time-stepping routine (here, a Newton solver).
When memory constraints inhibit this approach, using the previous solution at only coarse points still
provides dramatic speedups. Secondly, spatial coarsening should be used whenever possible. For the linear
example in Figure 1, spatial coarsening was implemented on all levels effectively. We have seen that for
our nonlinear model problem this was not possible, however spatial coarsening on only the lower time levels
provided dramatic speedups through a reduction in Newton iterations and reduced compute times due to
the smaller problem sizes. These two changes gave the largest speedup. The other changes, when combined,
also effected a large speedup.

Weak scaling results showed that MGRIT is a scalable algorithm for nonlinear problems, with iteration
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counts bounded independently of problem size. Strong scaling showed benefits of MGRIT, with 18x speedups
seen over the corresponding sequential time stepper. The scaling is not as ideal as in [10], but with the
modifications given here, we were able to attain similar scaling when compared to the corresponding linear
problem.

7.1 Future work

This topic has been well explored in this this study. The remaining topic to address is the efficiency issues
in the MFEM finite-element matrix construction routines and BoomerAMG setup-phase that contribute to
the poor strong scaling.
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